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Abstract
Batch processes play an important role in the production of high quality specialty
chemicals. Examples include the production of polymers, pharmaceuticals and for-
mulated products. In this master thesis, the study of transformation of materials, by
batch distillation and mixing is studied. The study is done by means of batch statis-
tical process control and system identification methods in order to build soft sensors
that can predict product quality and end-point but also to use the batch trajectory
features for early fault detection.
In contrast to a continuous process, a batch process is a finite duration process,
from initialization to completion. The physical state of the process is derived from
measured variables, for example, temperatures, pressures and flows and comes from
on-line measurements of the on-going process.
Since there are many variables, in terms of inputs and outputs, multivariate data
analysis is a suitable choice for extracting systematic information which is used to
find a relationship among the variables but also to visualize the batch trajectories
and deviations from normal batch evolution.
The results suggest that the end point can be predicted during distillation and
mixing and it seems like it is possible to separate normal batches from different
batches by means of batch statistical process control strategies. However, estimating
product purity during distillation was not possible due to limited variation in the
output data. Instead, system identification methodologies were a better choice.
Product quality after mixing was poorly estimated with system identification
tools due to the lack of variability within the time average of the different variables
used, but was better predicted with batch statistical process control.
Keywords System identification, Sub space identification, Kalman filter, Batch
statistical process control, Partial least squares, Batch process
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Introduction
Most process industries today use process monitoring to ensure that all of the re-
quirements and specifications regarding quality, safety and economics are fulfilled.
The process monitoring is usually visualized as time series charts, where the oper-
ators view the variables as historical trends. Since the processes today grow in size
as well as in complexity, the different variables measured and stored in a database
increases. The interpretation, based on an increasing set of variables, might result
in an inconclusive conclusion. Therefore, multivariable methods are needed to cope
with the problem of an increasing set of variables, as well as a number of other fac-
tors. Some examples of different factors are an increasing number of data sets, co-
linearity and non-linear relationships between variables as well as non-stationary,
noisy and missing data.
In this master thesis a batch process at Perstorp AB has been studied by means of
batch statistical process control and system identification which are two multivariate
methodologies that can handle the above mentioned difficulties.
1.1 Background
Products manufactured in a batch process at Perstorp AB rely solely on lab samples
to determine product compositions. This procedure is something that is expensive
to extract and evaluate, and want to be kept to a minimum. The ability to track and
measure the product purity in real-time is not possible today and is compensated by
previous knowledge and experience of the operators.
One way to estimate and visualize the product quality for the operators would
be to use the stored measurements of the different variables from the batch process.
The different variables reflect the current state within the process, information that
could be used to derive soft sensors, which are on-line estimators that can measure
a certain property that cannot be measured on-line, or is very expensive to measure
on-line. The soft sensors would be based on different multivariate methodologies
such as batch statistical process control and system identification.
1
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The information extracted from the multivariate methodologies can be used for
process monitoring, end point- and product purity prediction and fault detection,
which would be a valuable tool for process operators.
1.2 Purpose
The main purpose of the project was to investigate a batch process by means of
batch statistical process control and system identification. This involved to examine
if it were possible to derive models that were able to estimate the product quality of
a certain product, or products, and to see if it was possible to estimate a termination
time. This was done to see if was possible to minimize any back-off margins in
the products manufactured today, and to see if it was possible to shorten the batch
duration.
The unit operations in the batch process involved mixing and distillation. The
products that were examined are called Product A, and a chemical mixture called
Product B. The two products are described more in detail in Section 1.4. The unit
operation evaluated for Product A was during its distillation phase and Product B
was examined during its mixing phase.
There were several different tasks involved in the thesis. The main issue was to
see if it was possible to derive models that were able to describe the product quality
with the help of variables describing the physical state of the batch process. An
end point prediction, too see if it was possible to estimate batch termination time,
depending on how far the batch has gone. The derived model, or models should also
be able to work as an early fault detection model, telling the operators whether the
current batch is within normal operating conditions. Forward prediction by looking
k-steps into the future before batch completion, by using a limited portion of the
data from a batch cycle. A methodology comparison reflecting the pros and cons of
the different methodologies.
The different objectives were tackled from two different perspectives. From a
system identification and a batch statistical process control point of view. This cre-
ated the possibility to work from different angles, thus creating a better way to
interpret, analyze and draw conclusions based on a larger set of methodologies.
1.3 Perstorp AB
Perstorp AB is a chemical company with a focus towards the specialty chemicals
market. With over 125 years of experience, Perstorp AB is considered as one of
the worlds leading specialty chemical companies in many sectors. Their products
are used in many different industries, such as aerospace, coatings, chemicals and
plastics. For more information about their products, or the company, see [Perstorp].
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1.4 Products
The thesis focused on two different products that Perstorp AB currently produces.
The two products are Product A and Product B. Product A was chosen as the first
product to examine, since the properties of the product is easy to interpret and an-
alyze, as compared to other products. Product A contains about 99.5% of a certain
substance called "II". Product B was the second product that was examined. The
reason for this was that the variation of the different properties were higher, and a
correlation pattern might be easier to find. Product B contains several constituents
and are named "I"-"XIV".
1.5 Process description
The process used in the thesis is a batch distillation column. The two products are
both formed in the batch distillation process, but in different unit operations. The
first stage of the batch process, is to mix different raw materials under low pressure
and elevated temperature to change the chemical composition of the mixture. When
the mixing phase is completed, the mixture is either sent to a tank and departed for
sale, or heated once more, separating the light chemicals from the heavy ones. The
separated chemicals is then sent to different tanks for storage and is either ready to
be sold or resent back to the process for separation once more. Product B is studied
when mixing and Product A during distillation.
Figure 1.1 Simplified figure of the reactor and distillation. The raw material comes
from the different tanks, α , β and γ . The product is put in an output tank.
3
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1.6 Software
1.6.1 Matlabr
Matlabr is a numerical computing environment developed by Mathworks. The pro-
gram is used for doing various of different mathematical matrix- and vector oper-
ations and computations. The output can be visualized in numerous ways with the
help of different methods implemented in the program. [Matlab]
1.6.2 SIMCA
SIMCA is a program used for analyzing uni- and multivariate data sets. The graphi-
cal nature of the program makes it easy to analyze and interpret large data sets. The
program is developed by Umetrics. For more information about the program, or the
company, see [SIMCA].
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Theory
In this chapter, the theory used in the project is briefly described. The basis of the
different methodologies used in the project relies on different versions of linear re-
gression. The regression method used in the system identification methodology was
least-squares estimation and the counter-part in batch statistical process control was
partial least-squares. Since batch processes has multiple data sets, a data structur-
ing and unfolding is required. This was mainly used when working with the batch
statistical process control concept, and is also explained in the chapter. To be able
to find the appropriate model order for the different system identification models
derived, singular value decomposition was done. To be able to simulate the differ-
ent models derived with the system identification concept, a Kalman-filter together
with a recursive prediction algorithm was implemented and is described below.
2.1 Linear regression
Linear regression is used to describe an output as a function of inputs [Johans-
son, 1993]. The output is often denoted y and the inputs are denoted with φ =
[φ1,φ2, . . . ,φJ ]T . The task will thus be to find some parameters θ = [θ1,θ2, . . . ,θJ ]T
that describe the relationship between the output as a function of inputs. The rela-
tionship can be described via the function
y(k) = φT (k)θ + e(k) (2.1)
If one assumes there are K number of input- and output observations available,
the task will then be to find optimal parameter estimates θˆ of the parameter vector
θ that describes the output as a function of inputs.
By re-arranging the available observations in vector- and matrix notation, the
resulting model for linear regression will then be
YN =ΦKθ + e (2.2)
5
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where
YK =

y1
y2
...
yK
 , ΦK =

φT1
φT2
...
φTK
 , e =

e1
e2
...
eK
 (2.3)
2.1.1 Least-squares estimation
The least-squares criterion is a parameter estimation approach, which aims to min-
imize the sum of the squared errors between the output and the observations [Jo-
hansson, 1993].
argmin
θˆ
1
2
K
∑
i=1
e2i =
1
2
(YK−ΦK θˆ)T (YK−ΦK θˆ) (2.4)
After some computation, the optimal parameter estimation θˆ is obtained from
Equation 2.5
θˆ = (ΦTKΦK)
−1ΦKYK (2.5)
2.1.2 Partial least squares
Partial least squares (PLS) [Ferrer et al., 2008] is used when analyzing data with
more variables than observations. PLS works in the same manner as principal com-
ponent analysis (PCA) [Bro and Smilde, 2014], but the resulting model will instead
try to maximize the covariance between the input X and output Y . PLS tries to max-
imize the covariance between X and Y with the help of the scores and loadings from
X and Y .
Y = u1qT1 + · · ·+uRqTR =UQT +F = Yˆ +F (2.6)
The matrix U corresponds to the score matrix, Q matrix is the loading matrix
and F is the residual matrix. Depending on how many score vectors one choose, the
better the resulting approximation Yˆ will be.
The different score matrices U and T will be used when trying to predict the
output instead of measuring it. The prediction quality will be dependent on how
well the different components describe the data.
2.2 Data unfolding
In order to use information from multiple data sets, one would need to arrange the
data in a specific way. Each data set will contain J variables and K observations. An
extra dimension I will describe the number of data sets. Together they will form a
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three-way matrix called X . There are different ways of unfolding a three-way matrix
[Eriksson et al., 2013].
One way of unfolding the three-way matrix, is to keep the direction of the vari-
ables. The unfolded matrix X is depicted in Figure 2.1.
Figure 2.1 How to unfold a three-way matrix into a two-way matrix and keeping
the direction of the variables. J is the number of variables in the data set, K is the
number of observations and I is the number of data sets.
Another way to unfold the matrix is to preserve the direction of the different
data sets. In this master thesis work data sets correspond to number of batches. The
preservation is done by keeping each data set on separate rows, and is described
more in detail in Figure 2.2.
Figure 2.2 How to unfold a three-way matrix into a two-way matrix and keeping
the direction of the data. Where J(o,d) corresponds to J variables at observation o of
data set d.
The unfolded matrix X will be an J ·K× I matrix. The first J columns will be
the variables at the first sample, and the following columns will be the J variables
at the next sample. The number of rows depends on the number of data sets I.
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2.3 Singular value decomposition
Let X be an arbitrary matrix, of the size J×K, with real- or complex valued ele-
ments. Then there exists a factorization on the form
X =UΣV ∗ (2.7)
Where U and V ∗ are unitary matrices of the size J×J and K×K. Σ is a diagonal
matrix of the size J×K, where the diagonal elements are known as the singular
values of X. The diagonal entries σi in Σ are non-negative. The singular values in Σ
are structured in a descending order. [Johansson, 1993]
2.4 Hankel matrix
A Hankel matrix is a symmetric matrix whose elements are constant along its anti
diagonals. Given a sequence of data
Xk ∈ RJ×K ∀ 0,1, . . . ,k,k+1, . . . ,m (2.8)
where J and K is the number of rows and columns in Xk.
By defining two variables α and β , the Hankel matrix is defined as
Hk|α =

xk xk+1 · · · xk+β−1
xk+1 xk+2 · · · xk+β
...
...
. . .
...
xk+α−1 xk+α · · · xk+α+β−2
 ∈ Rα·J×β ·K (2.9)
α and β are the number of m- and n-block rows and columns in Hk|α [David Di
Ruscio, 1995].
2.5 Kalman filter
The famous Kalman Filter can be used in a number of different areas [Johansson,
1993]. Some examples are noise reduction, prediction and estimation of a certain
property. The filter is based on a state space model, which can be seen in Equation
2.10.
x(k+1) = Ax(k)+Bu(k)+ v(k)
y(k) =Cx(k)+Du(k)+ e(k) (2.10)
In Equation 2.10, A is the state transition matrix, B the input matrix, C the output
matrix and D is the feed-through matrix. v is the noise affecting the system, and e
is the noise affecting the measurement. The filter is divided in to two steps, one
prediction step and one measurement update step.
8
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To exclude any mean terms changing the system dynamics from the input sig-
nals, a differentiation was done. The differentiation procedure is described in Equa-
tion 2.11.
∆x(k+1) = x(k+1)− x(k)
∆u(k) = u(k)−u(k−1)+u0−u0
∆x(k+1) = A∆x(k)+B∆u(k)+∆v(k)
∆y(k) =C∆x(k)+ e(k)
(2.11)
The differentiated state space is used recursively to predict k-step ahead. Since
the input is unknown at k-step ahead prediction, the mean of future inputs at each
time lag was used, from a number of batches. The recursive k-step predictor is
described in Equation 2.12
∆yˆ(k+ s) =C(As∆x(k)+AB
s−2
∑
i=0
(∆umean(k+ i))+B∆umean(k+ s−1)) (2.12)
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Method
In the Method Chapter, the different methods used in the thesis are explained.
At first an explanation of data retrieval and structuring is described. This is fol-
lowed by two methods within batch statistical process control, called batch evolu-
tion model and batch level model. Within the system identification concept there
is two methods described, that are named multivariable subspace identification and
least-squares estimation.
3.1 Data retrieval and structure
The different batch data sets were fetched from a database, and structured in Excel
based on tag names of a given number of different variables in the process. The
data were structured by using start- and end times of a batch, representing the batch
duration, by using valve values as reference points. The different valve values used
describes when the tanks are opened and closed. To ensure that the whole course
of a unit operation was fetched properly an hour before and after batch start- and
completion was added.
The initial chemical composition in the blend, was fetched, structured and saved
for all batches. The starting quality for each batch is dependent on up to three differ-
ent tanks. In Table 3.1, the product composition for each tank is measured. The start
composition of a batch is calculated by using composition data and the total amount
taken from each tank. In case of a missing initial product composition from one of
the tanks, as seen in Table 3.2, the initial condition was removed. The batches that
had a missing initial condition were still used when deriving a model that was only
based on the process matrix.
10
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Table 3.1 How calculated composition is stored when initial conditions from each
tank is available.
Tank Date Info
α 2011-01-27 Composition in tank α
β 2011-01-31 Composition in tank β
γ 2011-01-31 Composition in tank γ
2011-01-31 Resulting calculated
composition from tank α , β
and γ
Table 3.2 How calculated composition is stored when initial conditions from tank
γ was missing.
Tank Date Info
α 2011-02-07 Composition in tank α
β 2011-02-07 Composition in tank β
γ 2011-02-07 Missing value in tank γ
2011-02-07 Non calculated composition
3.2 Pre-processing
There are many advantages with pre-processing the data before using any method-
ologies on it. By smoothing, mean centering, normalizing and filling out missing
data points, a pre-processed data set might remove unwanted behavior when creat-
ing a model. Since the methodologies used in this context are derived in two differ-
ent programs, the pre-processing varies.
3.2.1 Batch statistical process control
The observations used were mean centered and scaled to unit variance, and all the
valve values with a value of zero were removed in the same manner as in Section
3.2.2, before using any regression methods on it. By using PLS regression, as de-
scribed in Section 2.1.2, on a unfolded process matrix X together with a matrix Y
as time, and visualizing it in a scatter plot, together with Hotelling’s T 2 tolerance
ellipse, it is possible to detect deviating data point that does not coincide with the
rest of the data points. A contribution plot, indicating which of the variables that
contributed to a unexpected change in the process, was also used to notice any un-
wanted behavior [Eriksson et al., 2013].
3.2.2 System identification
Since the different batch data sets had extra time added to the start- and end times
of a batch, the data sets had to be trimmed accordingly. This was done with the help
11
Chapter 3. Method
of valves values and when they were opened and closed. The start- and end time of
a batch, is when the valves that lead to the end tank are opened. This was done by
looping through the data, searching for valve values equal to one, and then removing
all of the measurements when the valves were closed. The valve value was equal to
zero when the valve was closed.
3.3 Batch statistical process control
A batch process differ from a continuous process in the sense that there is a finite
duration of the process, with initialization and completion. With this in mind, the
data structuring of a batch process will form a three-way matrix, rather than a nor-
mal two-way matrix as in continuous- or discrete processes. Several different tech-
niques has been developed over the years to handle the three-way matrix problem
[Eriksson et al., 2013]. In this context, the data unfolding will be done as in Section
2.2. The BSPC concept is divided into two parts and described more in detail below.
3.3.1 Batch evolution model
The batch evolution model is used to evaluate and visualize the variability within a
batch, thus creating a model that can accomplish early fault detection and predict
batch maturity. The data unfolding is done as in Figure 2.1. To follow the maturity
within a batch, the X matrix is regressed against time with PLS. The results from
PLS will describe the maturity within a batch at each time point. PLS is described
in Section 2.1.2.
The derived model will also be able to visualize an evolution trace of a normal
batch. If a batch deviates from its normal operating conditions, the model should be
able to recognize this as a deviating batch.
One way to determine if the model is sufficient, and if a correlation pattern has
been found, is to check for the following; The cumulative sum of squares of the Y
matrix explained by the components (R2Y (cum)) and the cumulative fraction of the
total variation of X and Y for the component (Q2). The cumulative sum of squares
of the matrix X describes how much of the process data that can be described with
a chosen number of components [Eriksson et al., 2013].
If the resulting model is accurate, it should be able to predict an inflection point
for when a batch has reached its specifications and thus should be terminated. One
way to improve the model further is to lag either the variables in X , or Y , creating
dynamics and auto regression in the model by using previous data as well.
3.3.2 Batch level model
The batch level model uses the batch process data matrix X and the final product
purity value Y to search for a correlation pattern between matrices. A new matrix
called XA is created, where the initial conditions Z and the process data is stored.
The XA matrix is then used to create a model whom might be able to predict Y .
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To accomplish this, the data will be unfolded as in Figure 2.2, where the batch
direction is preserved. The matrix structure for batch level model is seen in 3.1,
where each row in XA and Y correspond to information from one batch. The matrix
XA is regressed against product purity with PLS.
The structure stated above, can also be done in an hierarchical structure. The
initial condition matrix Z and the process matrix X is regressed separately towards
the end point product purity, creating two base models. Each base model is then
summarized by one or more score vectors which are transferred to a top level model,
which then describes product purity from two base models
Figure 3.1 Structure of matrix XA, with initial conditions from each batch in Z,
batch data in X and Y , with product quality data from each batch.
3.3.3 Early fault detection
Based on a batch evolution model it is possible to achieve fault detection. This is
based on the complexity of the model and how well the model estimates a cer-
tain value. The fault detection is divided into two parts. The first part evaluates the
residual between the estimated and the real value. The distance is called Q and is
orthogonal to PC (Principal Component). The second part is based on the direction
of the score vector and detect deviations in the systematic part of the data. The dis-
tance between the estimated value and the centre of the main cluster is called D
and is parallel with PC. In Figure 3.2 an example of an estimated value with a large
residual, corresponding to Q, and a deviating point with a distance D to the centre
of the main cluster.
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Figure 3.2 A picture describing the fault detection method, with a distance Q that
is orthogonal to PC. Distance D describes the distance between a value and the centre
of the main cluster and is parallel with PC.
3.4 System identification
In control theory, many different techniques have been developed over the years, to
describe an observed input-output behavior with a mathematical model [Johansson,
1993; Ljung, 2010]. This is known as system identification, and is a very broad
topic, due to a number of different variants in regards of real world observations,
and the will to describe them.
3.4.1 Multivariable subspace identification
A multivariable subspace identification model [Qin, 2006] was derived with the
X- and the Y matrix. The particular subspace identification method used, is called
Multivariable Output Error State sPace (MOESP). In this context, the X matrix is
the same as the U matrix . The procedure uses input- and output matrices to find
an estimate of the different state space matrices A, B, C and D. The resulting state
space model is shown in Equation 3.1.
x(k+1) = Ax(k)+Bu(k)
y(k) =Cx(k)+Du(k)+ e(k)
(3.1)
The first step is to structure the input- and output data as Hankel matrices. Han-
kel matrix structuring is described in Section 2.4. Each input uk and yk will be stored
in Hankel matrices U and Y . The next step is to do a QR-factorization. This is done
as in [Johansson, 1993], but since this will play a vital part in the system identifica-
tion step, it is described below.
[
U (1)r,N−r+1
Y (1)r,N−r+1
]
=
[
R11 0
R21 R22
][
Q1
Q2
]
(3.2)
14
3.4 System identification
The column space of the submatrices in the R-matrix is computed by the means
of singular value decomposition. This will result in singular values, and an esti-
mate of the extended observability matrix [Johansson, 1993; Verhaegen, 1994]. By
using the extended observability matrix, an estimate of the matrices Aˆ and Cˆ was
computed.
The last step, in the system identification procedure, was to estimate the matrices
Bˆ and Dˆ. This was done by transforming the equation as in [Johansson, 1993]. The
transformation equations used, can be seen in Equation 3.3 and 3.4.
Y (1)r,N−r+1 =CX
(1)
r,N−r+1+DU
(1)
r,N−r+1 = R21Q1+R22Q2 (3.3)
into
(U⊥n )
T D− (U⊥n )T R21R−111 = 0 (3.4)
The corresponding estimated state space model is seen in Equation 3.5
x(k+1) = Aˆx(k)+ Bˆu(k)
y(k) = Cˆx(k)+ Dˆu(k)+ e(k)
(3.5)
3.4.2 Least square estimation of product purity.
One approach used in the project, when trying to estimate product purity, was to
use linear regression analysis. The idea is to use linear regression, and least-squares
estimation, to find a set of parameters that can estimate the end product purity of a
batch, with the help of a number of input parameters. One thing to notice, and keep
in mind, when doing the linear regression analysis, is to notice that the end product
purity values are dependent on the time average of the input signals. By exploiting
the number of batches to get a lot of end product purity values, the task was then to
find a set of parameters that describe the output as a function of the time average of
the input signals, as in Equation 3.6.
ypurity,end(1) = f (umean)+ v
...
ypurity,end(N) = f (umean)+ v
(3.6)
Equation 3.6 was rewritten as in Section 2.1, and the parameter estimation was
done as in Section 2.1.1. When an θˆ estimate had been calculated, and Equation
3.6 had been written in matrix notation, it was possible to get an estimation of the
product purity.
Ypurity =UTmeanθˆ + e (3.7)
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Results
The Results Chapter has been divided into the two methodologies that were exam-
ined. These sections are further divided into Product A and Product B.
4.1 Batch statistical process control
4.1.1 Product A
Pre-processing
A total of 19 batch data sets were evaluated with the BSPC concept. The Z matrix
were not available for Product A, and the derived models were not based on the
initial product composition. A PLS on the X matrix with all variables, regressed
against time, before and after removal of outliers and unwanted behavior is seen in
Figure 4.1. Corresponding R2X , R2Y and Q2 before and after removing outliers can
be seen in Table 4.1.
Figure 4.1 PLS score scatter plot before and after removal of outliers, based on
Product A batch trajectories. The left subfigure is before removing any outliers, and
the right subfigure is after removal. The scatter plot is colored according to batches.
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Table 4.1 PLS of raw data of Product A with time as Y , with and without any
removal of outliers or variables. R2X , R2Y and Q2 describes how good the model
estimate Y and X .
Removal Components R2X R2Y Q2
Before 2 0.531 0.674 0.674
After 2 0.781 0.681 0.681
Estimation of product purity
A BLM was computed with the X matrix, with the product purity end points as the
Y matrix. The results can be seen in Table 4.2.
Table 4.2 R2X , R2Y and Q2 values of BLM of Product A with product purity as Y
and pre-processed data as X .
Components R2X R2Y Q2
2 0.632 0.344 0.03
3 0.700 0.453 -0.287
Same procedure was done, but with the score vectors of the data set, after re-
moval of unwanted behavior and outliers, as the X matrix. The results can be seen
in Table 4.3.
Table 4.3 R2X , R2Y and Q2 values of a BLM of Product A with product purity as
Y and score vectors as X .
Components R2X R2Y Q2
2 0.727 0.178 0.178
3 0.786 0.290 -0.287
None of the product purity models above worked in a satisfying manner, and the
reason for this is discussed more in detail in the Discussion Chapter.
Variable simulation and reduction
The operators use temperature, pressure and density as reference points during batch
distillation. As seen in Table 4.4, the temperature variable is best explained due to
having the highest R2Y value. The X matrix contains all the variables. In Table 4.4,
it can also be seen that a static temperature model is as good as a dynamic model,
based on lagging the process variables backwards in time (auto regression).
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Table 4.4 R2X , R2Y and Q2 based on PLS regression, for three different variables.
One static (1,5,9), and three dynamic models (2-4,6-8,10-12) with lag 0,1,3 and 5.
The X and Y , in the lag column, describes which part is lagged. Number of compo-
nents for all of the models were set to 2.
No Variable Lag R2X R2Y Q2
(1) Temperature 0 0.766 0.964 0.964
(2) Temperature 1 (X,Y) 0.781 0.971 0.971
(3) Temperature 3 (X,Y) 0.781 0.972 0.972
(4) Temperature 5 (X,Y) 0.772 0.974 0.974
(5) Pressure 0 0.769 0.791 0.791
(6) Pressure 1 (X,Y) 0.774 0.794 0.794
(7) Pressure 3 (X,Y) 0.775 0.795 0.795
(8) Pressure 5 (X,Y) 0.774 0.796 0.796
(9) Density 0 0.676 0.767 0.767
(10) Density 1 (X,Y) 0.679 0.800 0.800
(11) Density 3 (X,Y) 0.679 0.817 0.817
(12) Density 5 (X,Y) 0.669 0.844 0.844
All temperature variables except the temperature variable in the Y matrix was
removed, due to high correlation. R2X , R2Y and Q2 values are seen in Table 4.5,
after removing all of the temperature variables from the X matrix.
Table 4.5 R2X , R2Y and Q2 based on PLS regression against temperature, with
other temperature variables removed in X .
Components R2X R2Y Q2
2 0.757 0.906 0.906
Model reduction was done, to make the model less complex and to remove vari-
ables that are non-significant without losing predictive power. As seen in Figure 4.2,
there are 4 variables that has a low weight, after removing correlated temperature
variables.
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Figure 4.2 Variable weights describing the temperature of Product A, without
other temperature variables in X . The red variables (1-3,6) has a low contribution
when trying to estimate the temperature.
The final static temperature model is dependent on a flow and a pressure variable
and can be seen in Figure 4.3. Higher temperature correspond to higher pressure and
lower flow. The resulting R2X , R2Y and Q2 values can be seen in Table 4.6.
Figure 4.3 Final reduced temperature model of Product A. Model is only depen-
dent on a flow and a pressure variable.
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Table 4.6 R2X , R2Y and Q2 for the reduced temperature model of Product A, with
two components. Where the Y in the lag column indicates that it is this variable that
has been lagged.
Lag R2X R2Y Q2
0 1 0.907 0.907
1 (Y) 0.840 0.957 0.957
Early fault detection
The derived model, in Table 4.1 after removal of outliers, is used to recognize a
deviating batch. The derived model was used together with a deviating batch, and
a visualization of the resulting score vector, and distance to model can be seen in
Figure 4.4 and 4.5. A contribution plot was used, to visualize the reason for the
deviating behavior, which is further discussed in the Discussion chapter. This can
be seen in Figure 4.6.
Figure 4.4 Distance to the non-reduced model with time as Y , after removal of
outliers, of Product A for a deviating batch. Detects a fault at 320 minutes. The
green line is the average and the red is ±3 standard deviation for the temperature
model.
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Figure 4.5 Scores vector from the deviating batch. The green line is the average
and the red is ±3 standard deviation from the score vectors of all batches.
Figure 4.6 Contribution plot visualizing which of the variables that is causing the
deviation.
Prediction of inflection point
Temperature is one of the set points used to determine batch termination. The time
when a batch has reached its temperature break point was saved, and used together
with the non-reduced temperature model to create a BLM. Partial models were cre-
ated, to visualize how well the model could calculate an estimated end point, de-
21
Chapter 4. Results
pending on how long the batch has gone. The results can be seen in Table 4.7. A
visualization of a partial model, at 100% is seen in Figure 4.7.
Table 4.7 Partial models of end point time prediction with BLM. Standard devia-
tion σ of batch end time was 43.9 minutes. Three components where used to describe
X . Root-mean-square error of prediction in minutes of three batches, from a total of
20 batches, used as prediction set where the mean length of a batch is 374 minutes.
Time RMSEP R2X R2Y Q2
20% 21.27 0.873 0.824 0.665
40% 22.31 0.830 0.863 0.693
60% 19.80 0.796 0.872 0.689
80% 22.74 0.714 0.948 0.743
100% 14.39 0.650 0.966 0.779
Figure 4.7 Visualization of partial model for Product A, 100% prediction end
point. All the data points was used in the model. Predicted values on x-axis and
real values on y-axis, where the red dots are from the estimation and the blue are for
prediction, where RMSEP describes the prediction error.
To get a more robust model, only dependent on two variables, the same end
point prediction procedure was done with the reduced static model. The results can
be seen in Table 4.8.
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Table 4.8 Partial models of end point time prediction, with heavily reduced static
model, with BLM. Standard deviation σ of batch end time was 43.9 minutes. Three
components used to describe the X matrix. Root-mean-square error of prediction in
minutes of three batches used as prediction set where the mean length of a batch is
374 minutes.
Time RMSEP R2X R2Y Q2
20% 14.10 0.859 0.829 0.469
40% 10.58 0.858 0.879 0.573
60% 12.13 0.834 0.909 0.684
80% 15.99 0.821 0.964 0.573
100% 13.32 0.812 0.981 0.913
To visualize what is causing the increase in RMSEP at 80% in Table 4.7 and 4.8,
the first score vector for three batches was computed. See the Discussion chapter for
more info.
Figure 4.8 Three validation batches with the corresponding first score vector for
each batch for Product A.
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4.1.2 Product B
Pre-processing
A total of 43 batches were evaluated with the BSPC concept. Observations, without
any removal of outliers or variables can be seen in Figure 4.9. R2X ,R2Y and Q2
values of the raw data can be seen in Table 4.9.
Figure 4.9 PLS score scatter plot to detect outliers and such, with the raw data as
X and the time as Y , for all Product B batches.
The different Product B batch data sets were much smoother, compared to Prod-
uct A, without a large set of outliers. The data points that were removed came from
excluding a few points on variable level, and were confirmed by using contribution
plots (spikes in the variables). The final R2X , R2Y and Q2 values for the model, after
removing any unwanted behavior can be seen in Table 4.9.
Table 4.9 PLS on raw data of Product B as X and time as Y , before and after
removing any outliers. R2X , R2Y and Q2 describes how good the model estimate Y
and X .
Removal Components R2X R2Y Q2
Before 6 0.857 0.805 0.805
After 6 0.861 0.812 0.812
Estimation of product purity - None hierarchical modeling
Estimation of product purity was done, according to BLM methodology described
in Section 3.3.2. The total number of batches used when deriving the BLM was
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35, with 7 batches used as a validation set. The initial product composition was not
known. Any constituents with a negative Q2 value was removed, and the resulting Y
matrix contained six different product quality attributes for each batch. As seen in
Figure 4.10, the loading scatter plot suggests that three different models are created.
The models paired together are XIV and X, V and VI, as well as XIII and II. The
reason for pairing XIII and II is because of their negative correlation towards each
other. Corresponding RMSE, R2X , R2Y , and Q2 values can be seen in Table 4.10.
Figure 4.10 Loading scatter plot of a BLM model for Product B, with six different
product attributes. Three different models were formed; 1) XIV and X, 2) V and VI
and 3) XIII and II.
Table 4.10 Mean, standard deviation σ , RMSEP, R2X , R2Y and Q2 values for
different BLM models when predicting quality. The number of batches used as a
prediction set were 7 and the number of batches used for training the models were
35.
Constituents Comp Mean σ RMSEP R2X R2Y Q2
II 3 69.1 5.85 1.96 0.483 0.780 0.396
V 2 0.69 0.34 0.16 0.648 0.910 0.689
VI 3 7.65 2.95 0.62 0.648 0.910 0.689
X 2 14.1 2.67 0.97 0.379 0.588 0.216
XIV 2 148.37 25.11 24.2 0.379 0.588 0.216
XIII 3 595.67 35.57 11.89 0.483 0.780 0.396
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Estimation of product purity - Hierarchical modeling
The product purity was also estimated using the Z matrix, containing 22 batches.
The different initial compositions was stored in the Z matrix. Three out of the 22
batches was used as validation batches. The resulting model was then divided into
three models, after removing all Y variables with a negative Q2 value. The loading
plot had two distinct clusters of Y variables, and two of the variables XIII and II
had a negative correlation towards each other. The different variables paired was VI
and V, II and XIII, as well as XIV and X. The resulting RMSEP, R2X , R2Y and Q2
values for the different models can be seen in Table 4.11. The loading plot can be
seen in Figure 4.11 where the blue dots correspond to the different compositions
and the green dots are the score vectors from the base models created between the
different matrices.
Figure 4.11 Loading scatter plot of BLM model for Product B quality with Z ma-
trix and X matrix included. The green dots M51 is the scores from X and M52 is
the scores from Z, where t1 is score one and t2 is score two. The blue dots are the
different attributes. Three different models were formed; 1) XIV and X, 2) V and VI
and 3) XIII and II.
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Table 4.11 Mean, standard deviation σ , RMSEP, R2X , R2Y and Q2 values for
different BLM models, with Z matrix, when predicting the quality. The number of
batches used as prediction set was set to 3.
Constituents Comp Mean σ RMSEP R2X R2Y Q2
II 4 69.7 4.32 2.26 1.000 0.704 0.484
V 1 0.66 0.32 0.09 0.485 0.759 0.672
VI 1 7.69 3.17 1.72 0.485 0.759 0.672
X 2 13.49 2.06 1.20 0.731 0.555 0.271
XIV 2 148.37 25.11 12.4 0.731 0.555 0.271
XIII 4 589.71 26.00 13.37 1.000 0.704 0.484
II and XIII was of a higher importance than the other product purity values, the
resulting prediction can be seen in Figure 4.12 and 4.13.
Figure 4.12 Predicted II content in Product B, using BLM. Predicted values on the
x-axis and observed values on the y-axis, where the red dots represents the training
set and the blue ones the prediction set.
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Figure 4.13 Predicted XIII content in Product B, using BLM. Predicted values on
the x-axis and observed values on the y-axis, where the red dots correspond to the
training set and the blue ones represents the prediction set.
The hierarchical model structure and the initial composition were used when
trying to improve the prediction of the end product purity. The importance of the
initial composition can be noticed by interpreting the contribution plot for the Z
matrix when estimating a low- compared to a high XIII value. A higher amount of
constituents of V and VI result in a higher XIII value. This is seen in Figure 4.14.
Figure 4.14 Variable weights describing the importance of initial conditions for
XIII content of Product B.
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Variable simulation and reduction
The operators use density, to decide when the mixture composition is within the
specification range, when manufacturing Product B. Two models were derived, one
static and one dynamic, to see how the different models explain the density variable.
The results for the models using all variables can be seen in Table 4.12.
Table 4.12 Variance explained with PLS, for density variable. One static, and one
dynamic model for the model with all variables (1-2) and the heavily reduced models
(4-5). A static reduced model without the density variables (3). Number of compo-
nents for all of the models were set to 3. The X and Y in column lag corresponds to
which part is lagged.
No Model Lag R2X R2Y Q2
(1) All variables 0 0.714 0.862 0.862
(2) All variables 1 (X,Y) 0.720 0.870 0.870
(3) Without density 0 0.759 0.681 0.681
(4) Heavily reduced 0 1.000 0.684 0.684
(5) Heavily reduced 1 (X,Y) 0.757 0.862 0.862
As seen in Table 4.12, the difference between a static and the dynamic models
using all variables is low, almost none. Model reduction was done in order to reduce
complexity.
All of the density variables were removed from the data set, since they are highly
correlated to the Y variable explained. After removing the density variables from the
X matrix, the resulting R2X , R2Y and Q2 values can be seen in Table 4.12 and the
model is shown in Figure 4.15.
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Figure 4.15 Variable weights from PLS when describing the density of Product B
using BEM and all variables.
Figure 4.16 Final reduced density model of Product B. Model is dependent on a
flow, a pressure, a temperature variable and a lagged variable backwards in time one
step. The density described is also dependent on a lagged version of itself.
To decrease the complexity of the density model even more, and to be able to
interpret and explain the model by its physical meaning, further model reduction
was done. The final reduced model contained one temperature, one flow and one
pressure variable. To catch the dynamics the above variables together with density
were lagged backwards in time one step. The resulting R2X , R2Y and Q2 values can
be seen in Table 4.12 and the model is shown in Figure 4.16.
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Early fault detection
The derived model, in Table 4.9 after removal of outliers, should be able to notice
a deviating batch. A deviating batch was used with the derived non-reduced density
model, and the first score vector and the residuals (distance to model) can be seen
in Figure 4.17 and 4.18. A contribution plot was used, to visualize the reason for
the deviating behavior. This can be seen in Figure 4.19 and is further debated in the
Discussion chapter.
Figure 4.17 Distance to the non-reduced model with time as Y of Product B for a
deviating batch, in order to detect a fault. The green line is the average and the red is
±3 standard deviation from the density model of all batches.
Figure 4.18 First score vector from the deviating batch. The green line is the aver-
age and the red is ±3 standard deviation from the score vectors of all batches.
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Figure 4.19 Contribution plot visualizing which of the variables that is causing the
deviation.
Prediction of inflection
The density is used as an inflection point, when deciding batch termination. The
batch time when the density variable has reached its specifications was saved, and
used together with the non-reduced density model (1) in Table 4.12, to create a
BLM. Partial models were created, to visualize how well the model could calculate
an estimated end-point, depending on how long the batch has gone. A total of 38
batches was used, to derive the models. The results can be seen in Table 4.13 and in
Figure 4.20 the predicted values are plotted against the observed values.
Table 4.13 Partial models of end point time prediction, using all variables, with
BLM. Four components used to describe X . Standard deviation σ was 99.45 minutes.
Root-mean-square error of prediction in minutes of four batches used as prediction
set where the mean length of a batch is 380 minutes.
Time RMSEP R2X R2Y Q2
20% 38.17 0.766 0.865 0.562
40% 33.94 0.716 0.908 0.752
60% 35.39 0.631 0.937 0.796
80% 43.58 0.605 0.962 0.845
100% 15.38 0.609 0.979 0.905
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Figure 4.20 Visualization of partial model for Product B, 100% prediction end
point. Predicted values on the x-axis and observed values on the y-axis, where the red
dots represent the training set and the blue ones the prediction set. RMSEP describes
the prediction error.
To see if it was possible to derive a more robust model when predicting batch
termination time, the reduced static density model (4) in Table 4.12 for Product B
was used. The results can be seen in Table 4.14. To visualize what is causing the
increase in RMSEP at 60% and 80% in Table 4.13 and 4.14, the temperature for five
batches was plotted in Figure 4.21.
Table 4.14 Partial models of end point time prediction, with reduced density
model, for Product B, with BLM. Four components used to describe X . Standard
deviation σ was 99.45 minutes. Root-mean-square error in minutes of four batches
used as prediction set where the mean length of a batch is 380 minutes.
Time RMSEP R2X R2Y Q2
20% 48.60 0.646 0.695 0.931
40% 42.74 0.727 0.820 0.599
60% 46.23 0.819 0.859 0.707
80% 43.03 0.683 0.921 0.776
100% 31.34 0.672 0.979 0.931
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Figure 4.21 Temperature variable for five batches to see how the temperature
varies over time for Product B.
4.2 System identifcation
4.2.1 Product A
Pre-processing
Before deriving any models. Some issues had to be dealt with in regards of pre-
processing. One of the first problems encountered when deriving a model, was that
the batches were not of equal length. This was solved by merging all the data sets.
To ensure that the merged data sets were trimmed according to the valve values, as
described in Section 3.1, an if statement was used. In terms of pre-processing, this
was the only thing that was done to the data.
Estimation of product purity
The least-squares estimation was done in three different ways. The first way, done
with a non-reduced model, as in Section 2.1.1, with the estimation technique de-
scribed in Section 2.1.1. The resulting parameters for each of the variables is shown
in Figure 4.22. The product purity estimation, when using the time average, can
be seen in Figure 4.23. The first 17 batches were used for estimation and model
derivation, and the last three for validation.
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Figure 4.22 The estimated parameters from least square, with a 95% confidence
interval, using the time average of the Product A batches and the quality.
Figure 4.23 The estimated product quality for the two least square models using
the time average of the batch and the measured quality. The circles are the estimated
value using all the parameters and the plus is when only using two parameters. The
star corresponds to the measured value. The last three batches are validation batches.
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The second way, was done by using the two most significant parameters. The
two most significant parameters can be seen in Figure 4.24. The resulting product
quality estimation, using the reduced model, is shown in Figure 4.23. The residuals
for the two different model approximations can be seen in Figure 4.25. The last
three batches in Figure 4.25 were validation batches.
Figure 4.24 The two estimated parameters from least-squares estimation, with a
95% confidence interval, using the time average of the Product A batches and the
quality.
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Figure 4.25 The residuals for the least-squares models with all parameters and two
parameters. The red is the residuals using all parameters and the blue is when only
using two.
The third was to take the whole X matrix, and unfold it as in Figure 2.2. The
numbers of parameters were now equal to the numbers of variables times the length
of the batches. The estimated parameters are shown in Figure 4.26.
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Figure 4.26 The estimated parameters from least-squares estimation, with a 95%
confidence interval, using all the observations of the Product A batches and the qual-
ity.
The non-zero parameters are displayed in Figure 4.27 and the estimated product
purity is seen in Figure 4.28.
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Figure 4.27 The estimated parameters from least-squares estimation, using all the
observations of the Product A batches and the quality, that are none zeros, with a
95% confidence interval. The parenthesis in the variable name corresponds to what
time the observation occurred.
Figure 4.28 The estimated product quality for the least-squares model using all
observations for the Product A batch and the measured quality. The circles are the es-
timated value and the starts correspond to the measured value. The last three batches
are validation batches.
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k-step prediction of temperature
The reference points that are used to terminate the batch are the temperature vari-
able. The temperature model was created as in Section 3.4.1. Since there is no di-
rect feed-through between the input and the output, the D matrix was set to zero.
A differentiated Kalman filter, as described in Section 2.5, was used when trying
to predict the temperature. The model order, was chosen dependent on the singular
values. The singular values are seen in Figure 4.29. The R2X values of the different
model orders are seen in Table 4.15.
Figure 4.29 The singular values from all the Product A batches.
Table 4.15 Regression value for the state-space model, built on the temperature for
Product A, of order 1, 2 and 3.
Model order R2X
1 93.38
2 98.01
3 97.61
A simulation of a model of second order can be seen in Figure 4.30. The differ-
ent model parameters are displayed in Figure 4.31-4.33
40
4.2 System identifcation
Figure 4.30 Simulation of the temperature for the second-order model and the
measured temperature. The black line is the estimated temperature and the blue is
the measured value.
Figure 4.31 The estimated A parameters,using MOESP with the temperature and
data from the Product A batches, with a 95% confidence interval.
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Figure 4.32 The estimated B parameters,using MOESP with the temperature and
data from the Product A batches, with a 95% confidence interval.
Figure 4.33 The estimated B parameters, using MOESP with the temperature and
data from the Product A batches, with a 95% confidence interval.
The resulting model was then used when trying to predict the temperature. The
differentiated Kalman filter prediction is seen in Figure 4.34. The R2 values of the
different k-step predictions are displayed in Figure 4.35.
42
4.2 System identifcation
Figure 4.34 30-steps prediction of the temperature and the temperature difference.
The black line is the real value, the red is the predicted, the green is the mean, the
yellow is ±2 standard deviation and the red is ±3 standard deviation. The red circle
is at time t. The blue line is the predicted temperature difference.
Figure 4.35 R2 values for each prediction of the temperature.
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4.2.2 Product B
Pre-processing
The same problem, regarding different batch lengths, was solved in the same way
for Product B as it was done for Product A. By merging the different batch data sets
to one object, and then trimming the data in regards of valve values, it was possible
to derive a model. The Product B data set had only a few outliers on variable level.
These were kept, even though the outliers might disrupt the model.
Estimation of product purity
The least-squares analysis was done in the same way as for the Product A by taking
the time average and taking all the data points. The resulting parameters, using the
mean value and the time average, to predict the II content in Product B is shown in
Figure 4.36. The II content estimated by the parameters is shown in Figure 4.37.
Figure 4.36 The estimated parameters, with a 95% confidence interval, using the
II content in Product B and the time average of the Product B batches.
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Figure 4.37 Estimated II content in Product B, with time average of six validation
batches. The circles are the estimated value and the start is the measured value.
The parameter estimation, for all the different contents, was done as above with
the same results. In Table 4.16 one can see the mean residuals from the least-squares
models when trying to estimate the different contents in relation to the mean value
of each substance. The mean residuals are from the six validation batches used to
try to estimate the quality.
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Table 4.16 Mean value and mean residuals for six validation batches using the
least-squares models.
Constituents Mean σ Residual
I 5.1829 2.3491 0.9682
II 68.9496 5.8590 4.3947
III 0.1791 0.1665 0.1826
IV 0.0144 0.0173 0.0256
V 0.6807 0.3386 0.0682
VI 7.6138 2.9536 1.3987
VII 0.7367 0.5490 0.2611
VIII 0.0107 0.0031 0.0039
IX 2.4244 2.1944 2.9705
X 14.1813 2.6745 3.8823
XI 0.0162 0.0183 0.0300
XII 0.0102 0.0014 0.0004
XIII 593.0570 35.5676 32.5121
k-step prediction of temperature
For Product B, the operator uses the density to decide when to terminate the batch.
The model, that will then be used to predict the density, will be created as described
in Section 3.4.1. The model, together with a Kalman filter, will then predict the
density. The order of the model is chosen as the singular values and how good the
model fit to the output, which is shown in Figure 4.38 and Table 4.17.
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Figure 4.38 Singular values for all Product B batches.
Table 4.17 Regression value for the state-space model, built on the density for
Product B, of order 1, 2 and 3.
Model order R2X
1 59.50
2 88.16
3 94.58
The simulation of the model, that will be used to predict the density, is shown
in Figure 4.39 and the model is shown in Figure 4.40-4.42.
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Figure 4.39 Simulation of the density for the second order model and the measured
density. The black line is the estimated value and the blue is the measured value.
Figure 4.40 The estimated A parameters, using MOESP with the density and data
from the Product B batches, with a 95% confidence interval.
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Figure 4.41 The estimated B parameters, using MOESP with the density and data
from the Product B batches, with a 95% confidence interval.
Figure 4.42 The estimated C parameters, using MOESP with the density and data
from the Product B batches, with a 95% confidence interval.
This model was then used to try to predict the density k-step ahead. Figure 4.43
shows the prediction 45-steps ahead and in Figure 4.44 the resulting regression
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values are shown for each prediction step.
Figure 4.43 45-steps prediction of the density. The black line is the real value, the
red is the predicted, the green is the mean, the yellow is ±2 standard deviation and
the red is ±3 standard deviation. The red circle is at time t. The black line is the
predicted temperature difference.
Figure 4.44 R2 values for each prediction of the density.
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Discussion
The Discussion Chapter has been divided into two sections, based on the two
methodologies examined. The methodology sections have been further divided into
Product A and Product B.
5.1 Batch statistical process control
One vital part, when deriving all of the models in the project is to stop and reflect to
see if the derived model is sufficient to describe the desired behavior. If this is not
done, the resulting models might become to complex, and hard to interpret. When
working with the BSPC concept, it was quite easy to pursue a R2 value very close
to one. When analyzing and working on a model, it was very easy to overexclude
data points, to raise the R2 value, since if the R2 value is one, the model describes
the data set perfectly.
5.1.1 Product A
Pre-processing
When searching for abnormal behavior, in regards of outliers and deviating data
points, one has to interpret the reason for the deviation before excluding the data
points. By using a contribution plot, it was possible to find the reason for the ab-
normal behavior. If not extra precaution is taken, it is possible to remove important
behavior in the data set. When the models were derived, some important information
might have been excluded and thus losing vital parts of the process. Since Product
A got only a few constituents, only two components was used to describe the behav-
ior in the data set. Even though the R2X value increased when excluding some of
the data points, the resulting model might not have been more accurate than before
the data exclusion. This was kept to a minimum by having a continuous discussion
when interpreting the data. When comparing the subplots in Figure 4.1, one notice
that the data set appears to be a lot smoother, after the obvious outliers had been
excluded. Since the process is a batch process, and there are many different unit
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operations, one of the possible reasons for the deviating behavior might be that the
batch phase examined has not yet started, even though it should have.
As seen in Table 4.1, the R2X value is 0.531, when the raw data were exam-
ined with PLS regression. After the removal of outliers and unwanted behavior, the
model is able to explain 20% more of the data set. Since the data points removal
was done with caution, the 20% gained is considered as a positive result.
Estimation of product purity
The main reason for not finding any correlation pattern between the X matrix, and
the product purity end points in the Y matrix, is thought to be the lack of variability
within the product purity data set. If one examines the product purity data set, it
varies in the first and second decimal. Since the X matrix varies a lot, but the Y
matrix varies little to none, the Q2 values in Tables 4.2 and 4.3, is thought of as
noise and not a correlation pattern.
Another reason might be that the resulting models is trying to find a correlation
pattern between a large X matrix, containing all of the batch data sets, and a product
purity end-point for each batch. If more product purity data points were available
during the course of a batch, it might have been possible to find a correlation pattern
between the process data and the product purity values.
Variable simulation and reduction
As seen in Table 4.4, the temperature variable was the easiest one to describe of the
different variables used as a break point, when deciding batch termination. Since
the temperature is used as the Y matrix, all of the other temperature variables were
excluded from the X matrix, to see if the R2Y value decreased. As seen in Table
4.5, the possibility to describe the temperature with the two static models decreased
with about 5%. The resulting R2Y value of 0.906 is considered good, even though
the other temperatures were excluded. The conclusion drawn from this, is that the
temperature is not only dependent on other temperature variables during the course
of a batch, and it is possible to describe the temperature with properties that de-
scribes the physical state of the process within the batch process at the same time
lag.
To be able to interpret and describe the model from its physical properties, a
strongly reduced model was computed. The final model was derived both as a static,
and as a dynamic model that had the Y variable lagged once. The temperature was
dependent on a flow and a pressure variable. As seen in Table 4.6, the difference
between a static, and a dynamic model is about 5%. By deriving a dynamic model,
it is possible to gain the information lost when reducing the complex static model.
Early fault detection
The early fault detection model was supposed to recognize a deviating batch, that
was not in the model derivation data set. As seen in Figure 4.4, the data set starts to
deviate after 300 minutes. If one look at the score vector in Figure 4.5, the deviation
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is not that clear, until a distinct drop at around 370 minutes. Since the score vector
is within ±3 standard deviation between the 300- and 370 minute mark, it is not
possible to notice a deviating batch just by looking at the corresponding score vec-
tor. By using a combination of distance to model, and the score vector of a batch, it
is possible to notice a deviating batch with ease.
The deviating batch had a different chemical composition, compared to the com-
position of a regular batch, with a higher concentration of heavy chemicals. The
increased amount of heavy chemicals required a higher evaporation temperature
and this is what mainly causes the deviation. But there are also other variables that
contribute, like for instance valves 1. The deviation can be seen in Figure 4.6. The
conclusion drawn from this, is that the model derived for early fault detection han-
dles and recognizes if a batch differs from a mean batch.
Prediction of inflection
Since the temperature is one of the break points used when deciding batch termi-
nation, a time end point prediction was done, to be able to give the operators a hint
when batch termination is due to. As seen in Table 4.7, the root-mean-square error
of three prediction batches is around 20 minutes. The RMSEP is 20 minutes even
though only 20% of a batch has been completed. The conclusion drawn from this,
is that the model is able to estimate a time end point for batch completion quite well
independent of how long the batch has gone.
The heavily reduced static model was also used when trying to estimate the
termination time. The RMSEP value was 5-7 minutes lower than the non-reduced
static model. The reason might be that the non-reduced model is overfitted, when
trying to estimate an end-point. Since the variation in regards of how the batch is run
is very small, and due to that the model has to many variables to take into account.
One thing to notice, and keep in mind, is at the 80% mark, the RMSEP for both
the derived models increase. The reason for this is visualized in Figure 4.8 where
it can be seen that up to 60%, corresponding to 225 min (based on average batch
duration) not much seems to happen. After 60% the first score vector increases,
which causes increased variation and is reflected in higher RMSEP at 80% (300
min).
5.1.2 Product B
Pre-processing
When examining and searching for abnormal behavior in the data set, the score
scatter plot was examined. The reason for choosing 6 components to describe the
variation in the data set, is because Product B is a more complex blend with a
higher number of constituents compared to Product A. As seen in Figure 4.9, the
score scatter plot contained fewer obvious outliers than the Product A data set. By
examining each variable by itself together with the corresponding contribution vec-
tor, a few outliers were excluded. The reason for the lack of outliers, is thought to
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be that there is a larger variation, including more noise, in the higher dimensions for
Product B than in Product A.
Estimation of product purity
The first concept used was a BLM with the product attributes as the Y matrix. The
different attributes with a negative Q2 value was removed, due to a low variation
between the values, or that the values were of such a low numerical value that they
were insignificant. After the different attributes with a negative Q2 value was re-
moved, the total Q2 value for the resulting model was raised from a negative value
to a positive value.
By analyzing the loading scatter plot in Figure 4.10, one notice that the different
Y variables got different weights and some of the variables are correlated to each
other. By splitting the BLM model into three submodels, the hope was to raise the
Q2 value, thus finding a better correlation pattern between the matrices. As seen in
Table 4.10, the resulting models are able to find a correlation pattern between the X
matrix, and the different product attributes. The different models were able to reduce
the standard deviation of the different attributes by about half, when comparing to
the RMSEP value.
By introducing a new matrix Z, the BLM procedure was done once again. As
seen in 4.11, the resulting correlation pattern, for the different models, is quite sim-
ilar to the BLM model computed without the Z matrix.
One thing to keep in mind when drawing conclusions between the different
model structures is that the number of batches used when validating the models is
different, and the standard deviation σ of the different attributes are not the same.
The number of batches used for validation in the first BLM model was 7, and the
number of validation batches used in the BLM model with the Z matrix was three.
With this in mind, it is not possible to tell which of the procedures that describes
the attributes best, due to the difference in standard deviation σ .
The upside of using an hierarchical structure, is that it is possible to use the
contribution plots from the different base models, to see where the variation and
deviation originate from. If the deviation originates from the initial composition
matrix Z it is possible to see which of the initial product constituents that is causing
the deviation. In Figure 4.14 the contribution from Z is shown, and it is possible to
see which of the product constituents that is causing the deviation. This implies that
it is possible to increase constituents V and VI, to get a higher XIII value.
The downside of hierarchical modeling is that the link between the base models
and the top model is described with score vectors. If the score vectors does not
describe enough variability in the data set, the resulting product quality estimation
in the top model might become poor.
Variable simulation and reduction
As said before, the operators use density, to decide when the current mixture com-
position is within specification range. As seen in Table 4.12, the difference between
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a static (1) and the dynamic (2) models when using all variables are low, almost
none. The conclusion drawn from this, is that the model is able to explain the den-
sity by using only variables at the same time lag. One thing to keep in mind though,
is that there are other density variables that help explaining the density, due to high
correlation. Also seen in Table 4.12, the resulting R2Y and Q2 values decrease with
about 20%, when the other density variables were excluded. This implies that the
excluded density variables helped a lot when trying to explain the density as the Y
variable.
To decrease the complexity of the density model, a static model (4) and a dy-
namic model (5) was derived. As seen in Table 4.12, the difference between a static
and a dynamic model is about 20%. This implies that the dynamic model of order
one, collects about 20% of its information in time lag t-1. The conclusion drawn
from this, is that the density variable is harder to explain and requires a dynamic
model with the variables and itself lagged.
Early fault detection
The model derived was tested, in order to see how good it detects deviating batches.
In Figure 4.18, one can see how the first score vector from the deviating batch
starts to drift from the mean of the score vectors after about 300 minutes, but in
Figure 4.17 the distance to model is still good. By comparing the two fault detection
models for the different products, the argument stated in the Product A section,
that a combination of both looking at the score vector and the distance to model is
correct, as seen in Figure 3.2 where both D and Q is shown.
According to the contribution plot in Figure 4.19 the deviating batch was run
at lower temperature which was indicated by several temperature variables. Also
Pressure 4 and Valves 1 were different.
Prediction of inflection
The prediction of end point was based on reaching a certain density threshold. As
seen in Table 4.13, the RMSEP value, when a batch has gone 20% of its total length,
is about 38 minutes. By comparing this to the mean length of a batch, which is about
380 minutes, the model is able to predict the time end point quite well. When the
batch has gone 40% of its total length, the RMSE value has gone down to about 27
minutes. By comparing the standard deviation σ , that was 99.45 minutes, the de-
rived model is considered very good. One thing to notice, is that the RMSEP values
in Table 4.13 and 4.14 increase around 60% and 80%. The reason for this was that
the variation was higher in the data set at the end of a batch. At 60%, corresponding
to 228 min based on a average batch duration, the temperature increase is just about
to start. At 80% (304 min) the first score vector increases quite rapidly. This trend
is also valid for batches with short and long batch duration. See Figure 4.21.
To see if it was possible to decrease the RMSEP value, the same end point time
prediction procedure was done, with the heavily reduced static model. As seen in
Table 4.14, the RMSEP value for the heavily reduced model is much higher than
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in the non-reduced model. This implies, that the model needs all of the different
variables to estimate the time end point.
5.2 System identification
5.2.1 Product A
Since the model derived, in means of system identification, was computed in Mat-
labs environment, much of the work was done as functions and scripts. Most of the
scripts, and functions are hard-coded from scratch. With this in mind, the functions
and scripts used in the model derivations might contain some small errors. The re-
sulting models might result in good estimations, even though the coding contain
small error. By continuous interpretation and discussion regarding the hard-coding,
the script and function errors were kept to a minimum.
Pre-processing
Not removing any outliers can be a risky thing to do, but when computing the model,
the confidence interval of the different parameters estimated was very low. This
implies that if there were any outliers in the data set, the derived model did not have
a problem to describe them. One way of excluding outliers in the data set, would
have been to remove them, and running the data set through a Kalman filter to get
an estimated value, instead of the outlier. This was something that was thought of
but not done in this project.
Estimation of product purity
The least-squares regression analysis done in Section 4.2.1, is thought of as incon-
clusive, since the difference between the estimated, and the real product quality
values differ too much between the batches. Since the specification for Product A
is very strict, the estimations must be very precise. The estimated quality might be
considered good enough and the results might be used, if the company wants a very
rough estimation of what the product purity value is from a certain batch. Since the
parameters computed are depending on how many batches there are in the data set,
the method used might become a lot better, if more batch data sets were available.
When discussing the least-squares regression in Section 4.2.1 and the resulting
estimations in Figures 4.23 and 4.28, is that the estimated product purity values for
the first seventeen batches were included in the model derivation data set, and the
three last batches were used for validation. As one can see in Figure 4.23 and 4.28,
the model that was computed with the time average give a better estimation than
using all of the values. However, the estimated parameters in Figure 4.22 has a very
large confidence interval, and is therefore not considered trustworthy.
In Figure 4.22, there were two variables that had a smaller confidence interval
than the rest of the parameters. The procedure was done once again, with these two
parameters, and the resulting residuals can be seen in Figure 4.25. By comparing
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the validation batches with each other, it is possible to notice that the procedure
that used only two parameters is better, than using all of the parameters. The pro-
cedure using two parameters only is a more robust model, but still not considered
good enough in regards of product purity estimation due to the strict Product A
specifications.
It is hard to tell whether the first or the second model is any good, since the
different parameters in the first model have a big confidence interval and the second
model does not use all of the information from the time averaged variables. If some
important information happened in the variables that were excluded in the second
model, the resulting model will not produce a correct estimation.
As seen in Figure 4.26, there are only a few parameters contributing to the prod-
uct purity estimation. By examining the different parameters estimated in Figure
4.27, one may notice that the whole contribution is coming from a single physi-
cal property. With this in mind, the idea is either that it is possible to estimate the
product purity with the flow variables alone, or that the flow variables are large nu-
merical numbers, as compared to the other variables, and this results in an error in
the parameter estimation. To rule out the first idea, the estimation procedure was
done once again, with the flow variables alone. This was inconclusive, and is not
described any further in the report.
Linear regression analysis, combined with the least-squares estimation, is a
good method to find a relationship with an input- and output observation. Since
the product purity estimation is thought of as inconclusive, a k-step predictor was
implemented, to see if it was possible to predict a break-point variable.
k-step prediction of temperature
Since the product quality estimation was inconclusive, the project focus was di-
rected to temperature inflection point prediction. This was done with an estimated
state space model and a Kalman filter. The Kalman filter is described more in de-
tail in Section 2.5. The feed-through matrix D in the state space was set to zero,
since the input signal did not have a direct influence on the output. The order of the
model was set to two, due to the model indication seen in Table 4.15. A simulation
of the estimated model is seen in Figure 4.30. The estimate parameters, used for the
Kalman filter is seen in Figure 4.31-4.33. In these figures, it is possible to notice
that almost all the estimated parameters are good, in terms of confidence interval,
except A21. By testing the resulting model, it was decided that estimated parameter
did not influence the model in a negative way, and was still used.
The Kalman-filter prediction of the temperature, seen in Figure 4.34, works de-
scent up to 20-steps of prediction. As seen in Figure 4.35, the R2 value starts to
decrease after about 20 steps. The conclusion drawn is that the derived model is
able to predict 15-20 steps into the future and still maintain a low prediction error.
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5.2.2 Product B
Pre-processing
To ensure that the outliers in the data set did not disrupt the model, the parameters
estimated were controlled by comparing the model estimation to the real values.
Since the derived model is able to follow the real density values, the derived model
is considered good enough. This can be seen in Figure 4.39.
Estimation of product purity
Once again the estimated parameters were poor in terms of confidence interval, as
seen in Figure 4.36. This indicates that the estimated qualities for the content in
Product B was poor. The estimated II content for six validation batches, in Product
B, can be seen in 4.37. The residuals for the other quantities can be seen in 4.16.
One thing to keep in mind, when interpreting the residuals, is that the percentage of
the content varies depending on what you are looking at.
The residuals for II is 4.4% and the mean value of the II content is 68.9%.
This indicates that the derived model is not sufficient enough compared to σ , which
is 2.34. The parameter for all of the models looks like in Figure 4.22 where no
significant parameters were found. The initial conditions were also added to the
derived model, to see if it was possible to improve the model, but the resulting
estimated ones were worse, and the model was not saved or described further in
detail.
k-step prediction of temperature
The product quality estimation did not work as expected, and the focus was shifted
to prediction of a termination point. The variable used was a density variable, since
the operator terminate the batch after the density has reached a certain value. The
density prediction was slightly better, due to the regression value indication seen in
Figure 4.44. The regression value is around 90% at 27-steps, compared to the re-
gression value done in for Product A which was at 80% at 20-steps. The conclusion
drawn is that the density in Product B does not change as much over time as the
temperature does in Product A, and therefore the model is able to predict further
into the future.
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5.3 Methodology comparison
Since the two different methodologies, system identification and BSPC, were done
in Matlab and SIMCA, the comparison between the two different methodologies
will also contain differences and similarities between the programs.
To visualize the BSPC concept, SIMCA was used. The program is based on a
set of different estimation and visualization methods, such as Distance to model,
Hotelling’s T2-test and a number of other visualization techniques. The downside
of this, is that the flexibility is greatly reduced, since the different techniques to
visualize the data set is already decided. The upside of this, is that the user does not
have to hard code all the different techniques in order to visualize the data set, and
the possibility to get an overview of the data set is done with ease.
Since the system Identification concept is done in Matlab, the flexibility regard-
ing wanted techniques and sub methodologies is much larger than in SIMCA. The
downside of this, is that much of the scripts and functions in Matlab require the
user to hard code everything from scratch. This usually takes some time, and the
possibility to create errors in the code might occur.
The batch level model exploits the number of parameters estimated to find any
correlation pattern between the X matrix and the Y matrix. The idea of estimating
a large set of parameters to describe a behavior goes against the system identifica-
tion concept, in regards of keeping the order of a system as low as possible. Since
the number of estimated parameters is equal to the number of variables times the
number of time steps of a batch, the resulting parameter estimations is very hard to
interpret and analyze.
At first the batch evolution model is derived as a static model. SIMCA creates
the possibility to lag variables in time, thus creating a dynamic time series model. If
the user lags variables, the resulting model will be closely related to a normal time
series model, depending on how the variables are lagged. By lagging variables, the
resulting model in SIMCA is closely related to the models derived with the system
identification concept. SIMCA does not visually depict the resulting model as a
formula, so the user have to understand that the lagged model is a time-series model
by themselves.
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Conclusion and Future
work
The hardest part in this master thesis was to find and compute models that are able
to handle the difficulties regarding three-way matrix structure and still be able to
find a correlation pattern between a large set of input data points and a few output
end data points. Since most of the known methodologies require an equal amount
of input- and output data points when deriving a model, the thesis students had to
ensure that the methodologies chosen were able to handle the stated issue.
The quality for both products could be estimated to an extent, depending which
of the methodologies that were used. The quality for Product A could be estimated
using system identification and for Product B the quality could be estimated using
batch statistical process control. One idea of how to move forward is to install a
sensor in the plant. The idea is to utilize vibrational spectroscopy in the IR range to
quantify the chemical composition.
The concept of estimating batch termination time for both products was quite
successful, as was the early fault detection methodology. For future projects the
different termination time models could be implemented in real-time.
The prediction of termination variables used for both products worked well with
the system identification concept.
Since the work is based on empirical modeling of input and output data, the
models are only valid within the space defined by the data sets which were used in
the master thesis work.
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